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ABSTRACT 
The objective of study was to test the dynamic effects of changes in Tobin’Q on stock prices of 
selected 249 US public companies of different industry categories. Panel unit roots tests and 
cointegration tests are implemented. Next, DOLS and GMM models are estimated. Annual data 
for the 2004-2012 period are used for the above selected US companies. Panel unit root tests 
provide somewhat mixed evidence of non-stationarity of both variables. There is clear evidence 
of cointegration between the above variables. The negative coefficient of the error-correction 
term shows convergence toward long-run equilibrium, though at slow pace. The estimates also 
reveal shortrun net positive interactive feedback effects between the variables. Both DOLS and 
GMM estimates display similar picture of overvaluation of stocks in terms of upward movement 
in Tobin’s Q beyond 0-to-1 range. For most parts of the sample period, the US stock market was 
in declining mode due to heightening of economic uncertainties during the Great Recession and 
several years beyond. Tobin’s Q should be improved to boost stock prices. This is more of a 
long-run phenomenon. In the short run, both reinforce each other. The topic is unique and the 
existing literature on this topic is scant. Relatively new econometric techniques have been 
applied for estimation using panel data. The results are quite insightful, in our view. 
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INTRODUCTION 
The study is based on analysis of influence of changes in Tobin’s Q on 249 selected US 
companies stock prices belonged to the various categories. The time period for analysis was 
2004 to 2012. The analysis is based on sophisticated heterogeneous panel cointegration, 
heterogeneous panel dynamic OLS and dynamic GMM (Generalized Method of Moments) 
econometric procedures. The Federal Reserve’s “Flow of Funds Accounts of United States Z1” 
is used for obtaining the required data.  
Tobin (1969) initially suggested and developed the Q ratio (known as Tobin’s Q). For a 
company, Tobin’s Q is calculated as a ratio of the market value of installed capital to the 
replacement cost of capital. If a company score low let’s say between 0 to 1, so it indicate that 
the market value is less than the recorded value of the assets of the company. This suggests that 
the market undervalues the company with implication for undervaluation of its stock. Whereas, if 
Tobin Q is greater than 1 so it implies overvaluation of firm stock. High Tobin’s Q encourages 
organization to make greater capital investment as they are worth more than the price paid. Such 
measure of stock valuation is the driving factor behind investment decisions in Tobin’s Model. It 
can be said that this ratio plays important role in understanding the financial markets and making 
investment decisions. It also uses for estimating the consumption and investment based on stock 
prices.  
Usually, stock prices are predicted by dividend yield and price-to-earnings ratio individually as a 
causal variable. Tobin’s Q also significantly helps predict both the above causal variables. The 
outcome is that often Tobin’s Q provide better predictive power for calculating return on stock or 
investment (% changes of stock prices). Lang and Stulz (1994) suggests that those companies 
which are diversified in terms of their products/markets, shows less Tobin’s Q due to the lower 
valuation of the firm assets.   
LITERATURE REVIEW 
There is greater interest by financial economists and macroeconomists to better understand price 
behaviors in the asset markets by testing the different financial variables and macroeconomic 
variables used for predicting the stock returns (e.g., Cochrane 1991b; Cooper and Priestley, 
2005; Lamont, 2000; Lettau and Ludvigson, 2001a; Menzly, Santos and Veronesi, 2004). By 
understanding how different macroeconomic variables impact return on investment, investors 
and portfolio managers can make better decisions regarding investment. When it comes to 
Tobin’s Q, it is found to be having strong predictive power for predicting dividend yield ratio 
and stock price to earning ratio. Tobin’s Q thus contains important information in predicting 
stock returns.  
Despite the claim by Black and Scholes (1974) and Miller and Scholes (1982) about no 
relationship between dividend yield and stock return, other studies empirically supported such 
relationship. Take example of Blume (1980) who showed a significant positive association 
between yields and stock returns. Litzenberger and Ramaswamy (1982), and Morgan (1982) 
support Blume’s findings that a positive (yet nonlinear) link between equity returns and dividend 
yields exists.  Kiem (1985) reported that there is positive influence of stock returns on dividend 
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yield. Fama and French (1988) showed strong relationship between stock return and  dividend 
yields. Hodrick (1992) showed that stock returns and dividend yield possess strong relationship.. 
Study of Naranjo, Nimalendran and Ryngaert (1998) also supported such relationship. Some 
studies showed negative relationship between stock returns and price-to-earnings ratio. For 
example, Basu (1977) study showed that portfolios of stocks whose price-to-earnings ratios are 
low, exhibit higher risk-adjusted returns than the portfolios of stocks whose price-to-earnings 
ratios are high. Peavy and Goodman (1983) also made similar findings. Campbell and Shiller 
(1988) show an increase in price-to-earnings ratio induces lower growth in equity price. In 
another study, Harney and Tower (2003) work showed taht Tobin’s Q is a better predictor of 
price-to-earnings ratio when it comes to forecasting stock returns.  
Jiang and Lee (2007) find that excess equity risk premiums can be explained by a linear 
combination of dividends and book-to-market ratio. Sum (2013a) shows that dividend yield and 
price-to-earnings ratio Granger-cause the movement in stock market returns. In addition, Sum 
(2013b) shows that Tobin’s Q ratio changes forecasts about 67.53% to 67.78% of price-to-
earnings ratio at the two-quarter to eight-quarter horizons. Different research by Sum (2013c) 
showed that changes in aggregate Tobin’s Q forecasts about 6.43% of the S&P 500 dividend 
yield at the 3-quarter horizon and 11.22% at the 8-quarter horizon. Other studies also used this 
ratio for determining the worth of companies in their studies for example, Cho (1998); Lang and 
Stulz 1994); McConnell and Servaes (1990); Morck et al. (1998).  
RESEARCH METHODOLOGY 
The present study used time series observation and cross-sectional based panel data. This type of 
data is suitable where appropriate number of cross-sectional or longitudinal data is not available. 
This study decision of using panel data is justified since in this situation we have reasonable 
number of observations extended over repetitive time period. Furthermore, since the length of 
the time series is small compared to the number of cross-sections, the effects of autocorrelation 
are small, if not negligible. Panel data estimation models include the constant coefficient 
(pooled), the fixed effects and the random effects regression models.  
We produce the following econometric model for testing the long=run equilibrium relationship 
between the specified variables.  
𝑦𝑦𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 = 𝛼𝛼𝛼𝛼𝑖𝑖𝑖𝑖 +𝛽𝛽𝛽𝛽𝑖𝑖𝑖𝑖𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖+ 𝛾𝛾𝛾𝛾𝑖𝑖𝑖𝑖𝐷𝐷𝐷𝐷𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖+ 𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 
…………………………………(1) 
Where, y = log of stock price (STR) and x = log of Tobin’s Q (TBQ) 
i=1,…., N and t= 1, …., T.  The panel data set thus has altogether N*T observations. 
In model (1), 𝛼𝛼𝛼𝛼𝑖𝑖𝑖𝑖 shows the possibility of company-specific fixed effects and 𝛽𝛽𝛽𝛽𝑖𝑖𝑖𝑖 allows 
for heterogeneous cointegrating vectors. 𝛾𝛾𝛾𝛾𝑖𝑖𝑖𝑖 represents time-dependent common shocks, 
captured by common-time dummies (𝐷𝐷𝐷𝐷𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖), that might simultaneously affect  all the 249 
US companies included in this study. Model (1) estimates by following Pedroni (2000, 2001) 
panel Fully Modified Ordinary Least Squares (FMOLS) cointegration technique, which adjusts 
for the presence of endogeneity and serial correlation in the data. This method is suitable in 
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situations where there are possibility of endogenous macroeconomic factors which can cause 
comovements in the specified variables.  
Before estimating model (1), it is required that the order of integration of the variables be 
determined by using four panel unit root tests. If all variables are found to be I (1), then by using 
the Pedroni panel cointegration tests (1999, 2000, 2001) are applied to investigate whether they 
are co-integrated. The above mentioned tests and techniques are preferred to make sure that no  
spurious regression phenomenon exists in the estimation of 𝛽𝛽𝛽𝛽𝑖𝑖𝑖𝑖. In order to test for the 
presence of a unit root in the panel data under study, panel unit root tests as proposed in Im, 
Peseran and Shin ( 2003); Hadri (1999); Levin, Lin and Chu (2002) and Breitung (2000) are 
employed. In these tests as suggested, the null hypothesis is based on stationarity of variables. 
Subsequently, the following panel vector error- correction model in the spirit of (Engle and 
Granger, 1987) is estimated on the evidence of cointegrating relationship among variables of 
interest: 
∆𝑦𝑦𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 = α + ∑𝑘𝑘𝑘𝑘𝑞𝑞𝑞𝑞=1𝛽𝛽𝛽𝛽𝛽𝛽𝛽𝛽∆𝑦𝑦𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖−𝑞𝑞𝑞𝑞 + 
∑𝑙𝑙𝑙𝑙𝑞𝑞𝑞𝑞=1𝜙𝜙𝜙𝜙𝛽𝛽𝛽𝛽∆𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖−𝑞𝑞𝑞𝑞+ π𝑒𝑒𝑒?̂?𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖−1 + 𝜇𝜇𝜇𝜇𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 ………………..(2) 
To restate, y = log of stock price (STR) and x = log of Tobin’s Q (TBQ) 
If estimated coefficient of the error correction term turns out to be negative, it means there is 
long run convergence and causal relationship. The estimated βi, reveal short-run interactive 
feedback relationships. The appropriate lag-lengths are determined by the Akaike (1969) 
information criterion.  
Next, Stock and Watson (1993) show that DOLS (Dynamic Ordinary Least Squares) is more 
favorable, particularly in small samples, compared to a number of alternative estimators of long-
run parameters, including those proposed in Engle and Granger (1987), and Phillips and Hansen 
(1990). Furthermore, Short-run elasticity counterparts are also derived via robust dynamic error-
correction models (ECMs).  
For panel data, the estimating base equation is specified as follows: 
Yit = α0 + α1Xit + eit ……(3) 
Four panel unit root tests LLC (Levin, Lin and Chu, 2002),Breitung (2000), IPS (Im, Pesaran and 
Shin, 2003) and Hadri (1999) are implemented before we conducted panel cointegration.  
Based on the Pedroni (2000) guideline, the following model for cointegration between the 
variables is estimated by DOLS; 
Yit = αi + βiXit + γtDit + µit ……..(4) 
Yit is dependent variable with pooled data and Xit is explanatory variable with the same. 
αi captures possible company-specific fixed effects and βi allows for heterogeneous cointegrating 
vector.  γt captures time-dependent common shocks of common time dummies  
(Dit). 
The DOLS procedure basically involves regressing any I(1) variables on the other I(1) variables, 
any I(0) variables and leads or lags of the first differences of any I(1) variables.  
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However, since an investigation of the short-run dynamics are also of interest in the analysis, the 
panel bi-variate ECM formulation is described as follows in drawing inferences on the long-run 
and the short-run dynamics: 
mj=0 nj ∆xi−j + ECit−1 + ϵt…… (5) 
Intuitively, when the variables are cointegrated, then in the short term, deviations from this long-
term equilibrium will feed back on the changes in the dependent variable in order to force the 
movement revert towards the long-term equilibrium. If the dependent variable is driven directly 
by this long-term equilibrium error, then it is responding to this feedback. If not, it is responding 
only to short-term shocks to the stochastic environment. The significance tests of the 
‘differenced’ explanatory variables give an indication of the ‘short-term’ effects, whereas the 
‘long-term’ causal relationship is implied through the significance or otherwise of the‘t’ test of 
the lagged error-correction term, which contains the long-term information since it is derived 
from the long-term cointegrating relationship(s). The coefficient of the lagged error-correction 
term, however, is a short term adjustment coefficient and represents the proportion by which the 
long-term disequilibrium (or imbalance) in the dependent variable is being corrected in each 
short period. Non-significance or elimination of any of the ‘lagged error-correction terms’ affects 
the implied long-term relationship and may be a violation of the underlying theory.  
Finally, this study also invokes Generalized Method of Moments (GMM), as developed in 
Hansen (1982), for robust and efficient estimates. GMM is one of the most widely used 
econometric tools in finance. A set of moment conditions is used to estimate model parameters 
by GMM. In general, the number of moment conditions is larger than the number of model 
parameters. A model misspecification for over-indentifying restrictions can be tested by GMM 
Jstatistic. GMM does not require strong distributional assumptions for applications in finance.  
Because of use of panel data in this study, dynamic GMM panel estimation is preferred over the 
original GMM estimation. On differencing of the regression equation, unobserved company 
specific effects and the use of differenced lagged regressors eliminate parameter inconsistency 
arising from simultaneity bias (Arellano and Bond, 1991). Monte Carlo simulations of the model 
offer discernible improvements in both efficiency and consistency (Blundell and Bond, 1997).  
RESULTS 
Stock prices and Tobin’s Q based panel unit root test is provided in the following table.  
Table1 
Panel Unit Root Tests 
  METHOD   
Variable (level) LLC Breitung IPS Hadri 
TBQ 
73.8555 
(0.0000) 
-53.0330 (0.0000) 
57.1335 
(0.0000) 
5.51853 
(0.0000) 
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STR 5.85355 
(0.0000) 
-0.77535 (0.3333) 18.8787 (0.000) 0.8783 
(0.0000) 
VARIABLE (DIFFERENCES) LLC Breitung IPS Hadri 
Δ (TBQ) 
38.1553 
(1.0000) 
-13.8538* (0.0000) 37.3133 
(0.0000)* 
0.57733* (0.3818) 
Δ (STR) 37.8787 
(1.0000) 
-3.70083* (0.0003) 35.8773* (0.0000) 3.01717* (0.0318) 
Where, TBQ  =  log of Tobin’s Q;  STR = log of stock price, and total number of observations 
(NT) 249X9 = 2241 Note: LLC = Levin, Lin, Chu (2002) IPS = Im, Pesaran and Shin (2003). 
The statistics are asymptotically distributed as standard normal with a left hand side rejection  
area, except on the Hadri test, which is right sided. *, indicates the rejection of the null 
hypothesis of nonstationarity (LLC, Breitung, IPS) or staitonarity (Hadri) at the 1 and 5 percent 
level of significance.  
Data from  Table 1 suggests that  LLC, Breitung and IPS tests show that log of Tobin’s Q (TBQ) 
and log of stock prices (STR) are nonstationary at 1 percent level of significance. Their 
counterpart (Hardi) test gave different results at 1 percent level of significance. Furthermore, 
Brietung test showed evidence of stationary in log of stock prices. In other words, the evidence is 
mixed for both variables. Subsequently, tests are performed for panel cointegration between 
TBQ and STR. A battery of seven panel co-integration tests results are reported as follows: 
Table 2 
Pedroni Panel Co-integration Tests 
Test Constant trend Constant + Trend 
Panel v-Statistic -0.84420 (0.1700) -1. 26881 (+ 0.8144) 
Panel rho-Statistic -126.8848 ( 0.0000)* -112.2202 ( 0.0000)* 
Panel PP-Statistic -46.42822 ( 0.0000)* -41.42247 ( 0.0000)* 
Panel ADF-Statistic -28.82782 (0.0000)* -22..4417 (0.0000)* 
Group rho-Statistic -124.867 (0.0000)* -87.17824 (0.0000)* 
Group PP-Statistic -44.0887 (0.0000)* -44.80720 (0.0000)* 
Group ADF-Statistic -24.4888 (0.0000) * -24.27046 (0.0000)* 
*indicates significance at 1 % level. 
These tests operated under the no-cointegration as null hypothesis. Six out of seven tests shows 
that there is cointegrating relationship between STR and TBQ at 1% significance. Furthermore, 
the constant trend except panel V statistic also showed anticipatory signs. Thus, mostly evidence 
suggest that there is cointegration between these two variables based on long-run convergence.  
Table 3 
Panel Dynamic Least Squares (DOLS) Estimates. Dependent Variable: STR 
Variable Coefficient Std. Error t-Statistic Prob. 
STR(-1) 0.89778 0.7788 4.5553 0.0000 
TBQ(-1) -1.98989 0.2221 -5.5494 0.0060 
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Based on the information provided in the above table, it can be inferred that there is short-run 
negative effects of TBQ changes on STR and one year lag can also be observed in stock prices. 
These results means that if a company has TBQ of greater than 1, it means overvaluation of 
stocks since for most parts of the sample period, stock market slid. This would depress 
investment further pushing stock prices downward. 
 
Table 4 
Panel Generalized Method of Moments (GMM) Estimates 
Dependent Variable: STR 
Variable Coefficient Std. Error t-Statistic Prob. 
STR - 0.538783 0.018353 - 28.18735 0.0000 
TBQ 0.137333 0.012535 10.85375 0.0000 
TBQ(-1) 0.083778 0.012813 5.555022 0.0000 
 J-statistic 36.44975  
Prob (J-statistic)0.000000 
 
Based on the GMM estimate information provided above, it can be said that there exist short run 
dynamic effects of preceding STR on current STR. Such net effects are negative implying 
overvaluation of stocks TBQ being above 1. Moreover, the GMM statistics at 36.44975 confirms 
that model is not mis-specified. Both GMM and DOLS estimates portray similar pictures with 
regard to overvaluation of a majority of 249 US company stocks since 2008 during the sample 
period. However, there are some magnitudinal differences in the coefficients and the associate t-
values. 
Finally, the estimates of the VECM are reported as follows: 
∆STR𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 = −0.0074 + 0.4925∆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆it−1 + 0.2805∆STRit−2 − 0.19742∆STRit−3 
(-0.5600) (14.3745) (8.9978)                 (-8.8978) 
− 0.1974∆TBQit−1 − 0.2446∆TBQit−2 + 0.0825∆TBQit−3 
 (-9.7408)            (-9.7573) (6. 1393) 
− 0.3938ECit−1 … …. (5)' 
(-10.6637)             
𝑆𝑆𝑆𝑆2 = 0.4435, F = 251.9438 
Estimated equation (5)' corresponds to equation (5) in the third section. Clearly, the error- 
correction term (ECit-1) has expected negative sign for long-run convergence with high statistical 
significance in terms of the associated t-value (-10.6637). The short-run interactive net feedback 
effect of lagged changes in TBQ is negative showing that stock prices decline with TBQ being 
above one implying overvaluation of stocks. It can be assumed that most of the stocks which we 
included in the present study shows overvaluation for this period which can be relates with the 
global financial crisis during the period of 2008.   
 
 
International Journal of Advanced Economics, Ghosh & Guha, pp. 85-94 Page 92 
CONCLUSION 
Our conclusion is that we found mixed evidence on Tobin’s Q and stock prices nonstationarity 
status. Furthermore, results confirms that both of these variables have good cointegration. The 
DOLS estimates reveal overvaluation and consequent slide in stock prices due to rising TBQ 
above unity. The GMM estimates also provide a similar picture in the short run. However, there 
are some differences in the computed coefficients and their associated tvalues. The estimates of 
the vector error-correction model show statistically significant convergence toward long-run 
equilibrium at slow pace and net negative effect implies overvaluation of stocks relating to 
TBQ.In closing, changes in Tobin’s Q have significant effects on stock overvaluation and hence 
decline in stock prices as an aftermath. Investors should closely monitor changes in TBQ to set 
and revise investment strategies in light of the aforementioned. 
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